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ConGRets: Contrastive Learning for Scalable, Low-latency Co-speech
Gesture Generation with Zero-shot Speaker Style Adaptation
ANONYMOUS AUTHOR(S)
SUBMISSION ID: PAPERS-2545

Fig. 1. ConGRets generates co-speech gestures across three distinct speaker styles, maintaining alignment with both speaker-specific motion patterns and
speech content. Solid-line box indicate identical gestures rendered in different styles, while dotted-line box depict varying gestures corresponding to the same
speech content.

This paper presents ConGRets, a scalable, low-latency framework for co-
speech gesture generation that supports zero-shot speaker personalization
without requiring audio or speaker identity labels. Unlike conventional
end-to-end approaches, which either synthesize gestures frame-by-frame
or discretize motion into tokens before decoding, ConGRets retrieves pre-
processed gesture units directly from a curated library using a contrastive
learning-based retrieval mechanism. Input text and amotion-derived speaker
style vector are projected into a shared latent space, enabling accurate and
expressive gesture selection without the overhead of generative decoding. A
key contribution of ConGRets is its text-only design, which allows seamless
integration with real-time chatbot and TTS pipelines without introducing de-
pendencies on audio processing or prosodic alignment. Although the system
operates on compact gesture units, it maintains fluidity across utterances
by employing overlap-aware segmentation and runtime blending, ensuring
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against rule-based, generative, and zero-shot baselines. Results show that
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1 Introduction
Synchronized body movements accompanying speech, commonly
known as co-speech gestures, are fundamental to human communi-
cation. These gestures enhance the expressiveness and realism of
digital humans, making them essential in Human-Computer Inter-
action (HCI) applications such as conversational agents, educational
avatars, and immersive AR/VR environments [32, 45, 46, 52].

Despite significant progress, generating speaker-specific co-speech
gestures in real time remains a challenging task. Existing approaches
span rule-based systems, data-driven mappings, and deep learning-
based generative models. Rule-based and data-driven methods are
often responsive and efficient [12, 32, 38, 42], but typically suffer
from limited gesture diversity, weak generalization across speakers,
and difficulty adapting to new contexts. On the other hand, genera-
tive models synthesize gestures directly from text or speech input
[3, 21, 50, 51], addressing some of these issues but introducing new
challenges, such as high inference cost, gesture averaging, and slow
response time, particularly problematic in real-time applications
[43].

To manage the many-to-many nature of gesture expression, many
recent generative systems introduce intermediate motion represen-
tations—such as gesture tokens [7, 54] or lexicons [6], that are de-
coded into motion via learned decoders. While these representations
increase diversity and control, they also introduce decoding latency
and reconstruction artifacts. This leads to a practical question: if
gesture generation ultimately selects from a finite set of discrete mo-
tions, could a retrieval-based approach better support low-latency
interaction?

Prior work has explored retrieval paradigms to address this. One
early system proposed a rule-based framework that remains widely
adopted in platforms like the Virtual Human Toolkit [22, 24, 38].
Building on this, subsequent efforts constructed automatic text-
driven rule-based systems using curated gesture libraries and TED-
style transcripts [51], supporting fast prototyping and real-time
demo deployment in interactive environments [25–29]. These meth-
ods exhibited low latency for small-scale inputs but faced scalability
issues due to large memory footprints and brute-force text-gesture
matching, limiting their practicality for batch processing or large
dialogue contexts.

Recent research has further demonstrated the effectiveness of re-
trieval frameworks when combined with learning-based representa-
tions. For example, graph-based unit selection has shown improved
realism [55], and contrastive learning has been used to enhance ges-
ture relevance and style consistency across languages and motion
domains [5]. However, rule-based systems remain constrained by
high memory demands and slow large-scale retrieval, and genera-
tive methods continue to struggle with inference speed and diversity
trade-offs.

Moreover, empirical findings show that virtual agent co-presence
and user engagement are not significantly degraded by using TTS
over real voice, assuming sufficient audio quality [1]. Likewise, text-
based gesture systems often perform comparably to their speech-
based counterparts in generating appropriate motion [8]. These
observations support the use of text-only inputs as a practical design
choice for scalable, modular pipelines.

We introduce ConGRets, a contrastive learning-based gesture
retrieval framework designed for low-latency, scalable, and style-
consistent co-speech gesture generation. Instead of decoding ges-
tures from latent vectors, ConGRets retrieves them directly from a
curated motion library using contrastively learned representations
of text and motion style. This approach leverages the strengths of
retrieval, efficiency, reusability, and robustness, while avoiding the
overhead of decoding or retargeting.
ConGRets consists of two main components: (1) a contrastively

trained speaker style encoder that captures stylistic traits purely
from motion, without requiring speaker identity or audio; and (2) a
compact BERT-based text encoder, fused with the style embedding
and aligned to a frozen motion encoder (GestureCLR [4]) through
contrastive learning. During inference, fused representations are
matched to cluster centroids in a pre-segmented gesture unit library.
The gesture library comprises 2–3 second segments extracted

from high-variance motion windows, selected using variance thresh-
olds and boundary similarity constraints [5]. Gesture units are clus-
tered per speaker using bisecting K-Means, enabling consistent re-
trieval that respects individual motion styles. While just one minute
of motion is sufficient for embedding speaker-specific traits, embed-
dings improve with longer recordings, 10 minutes being sufficient
for stable representations, and up to 60 minutes yielding broader
gesture coverage.

ConGRets is fully text-driven, making it compatible with systems
where text is generated or available before synthesized speech. It
supports chunked inference and blends gesture units using overlap
smoothing and pose constraints, ensuring visual continuity even
with short segments. The system achieves sub-500ms inference
for 1000 text chunks on standard hardware, without requiring any
neural decoder, server-side inference, or audio processing.

Our contributions are:

(1) A contrastively trained, zero-shot speaker style en-
coder that learns motion-specific stylistic variation without
labels, identity, or audio.

(2) A latent space retrieval mechanism aligning fused text-
style vectors to gesture clusters, enabling fast and expressive
retrieval without decoding.

(3) A lightweight and scalable framework that supports
real-time use with sub-500ms latency, even for large batches,
without sacrificing style or relevance.

(4) Extensive evaluation demonstrating that ConGRets achieves
strong performance in gesture appropriateness, speaker
style consistency, and Fréchet Gesture Distance (FGD), with
high retrieval accuracy in zero-shot conditions.

Rather than replacing generative models, ConGRets offers a prac-
tical and extensible alternative for settings where gesture generation
enhances user experience but must meet real-time and resource con-
straints. It is particularly suited for virtual humans in interactive
applications such as AR/VR, conversational agents, and embodied
interfaces.
The remainder of this paper is organized as follows: Section 2

reviews related work, Section 3 describes the methodology, Section 4
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presents the dataset and experimental setup, Section 5 reports re-
sults, Section 6 discusses implications and limitations, and Section 7
concludes.

2 Related Work

2.1 Rule-Based Gesture Generation
Rule-based systems for co-speech gesture generation have long been
foundational in Human-Computer Interaction (HCI) [10, 11, 13, 32,
39, 41, 43, 44]. These systems map input speech or text to predefined
gestures through handcrafted rules. Notable systems include the
BEAT toolkit [13], which schedules gestures based on linguistic
analysis, and SmartBody [41], which supports animation synthesis
via annotated gesture units. While these frameworks generate con-
textually appropriate gestures, they suffer from limited scalability,
high manual overhead, and lack of speaker adaptability [30, 42, 48].

To address these shortcomings, retrieval-based extensions emerged.
Ferstl et al. [18] introduced a system that retrieves gesture units
based on prosodic and semantic matching. Habibie et al. [23] used
motion-matching techniques to retrieve controllable gesture se-
quences. However, many of these systems still rely on audio cues or
hand-designed rules. ConGRets builds upon this lineage by learning
to retrieve gestures directly from text in a style-consistent latent
space, eliminating the need for rule authoring or acoustic input.

2.2 Learning-Based Gesture Generation
Learning-based methods train models to synthesize gestures from
multimodal inputs [8, 9, 15, 31, 34, 49, 51]. Early deep models used
regression from audio to joint positions, but generated average, life-
less motions [21]. Later works introduced adversarial losses [17],
probabilistic models [33], and variational embeddings [50] to im-
prove realism and diversity.

Recent approaches integrate powerful sequence models and em-
phasize semantics. Kucherenko et al. [35] and Bhattacharya et al. [9]
fused text and audio inputs, while Gao et al. [19] used ChatGPT to
derive semantic gesture scripts from text. Diffusionmodels have also
shown promise: Zhu et al. [56] introduced a diffusion-based model
that generates fluid gestures from audio. In contrast, ConGRets
emphasizes a text-only design, demonstrating that retrieval-based
gesture generation guided by semantic embeddings is both efficient
and expressive, even without prosodic input.

2.3 Speaker Style Adaptation in Gesture Systems
Speaker style adaptation is critical for realistic gesture generation.
Early systems trained speaker-specific models [21] or used speaker
IDs as conditioning [50]. Ahuja et al. [3] proposed style embeddings
for transfer between speakers using multimodal signals.

More recent works enable zero- or few-shot adaptation. Fares et
al. [16] developed a speaker-style encoder using audio, text, and pose
to achieve zero-shot adaptation. However, reliance on audio limits
applicability for text-driven systems. Ghorbani et al. [20] introduced
ZeroEGGS, enabling example-based adaptation without retraining.
Ahuja et al. [2] showed that gesture models can be quickly adapted
to new speakers with minimal motion data.

ConGRets introduces a contrastive speaker encoder trained only
on motion data. It enables zero-shot personalization by projecting

both text and motion into a shared space and retrieving matching
gesture units. Unlike prior methods that rely on fine-tuning or audio,
ConGRets adapts styles through retrieval from curated motion units,
offering scalable and dynamic personalization.

3 Methodology

3.1 System Overview
ConGRets is a contrastive learning-based, retrieval-oriented system
for co-speech gesture generation with zero-shot speaker style adap-
tation. It decouples gesture generation from gesture selection by
projecting both input text and speaker motion style into a shared
latent space, then retrieving the best-matching gesture unit from a
pre-clustered library.

The framework is composed of three major modules:

• GestureCLR[4] – a frozen motion encoder trained via con-
trastive learning to embed gesture units into a 10-dimensional
latent space.

• Speaker Style Encoder – a transformer-based model that
encodes speaker-specific motion style into a 768D vector.

• Text Encoder (BERT) – a 4-layer, 256D BERT-mini model
that encodes text chunks into embeddings fused with style
for gesture retrieval.

3.2 GestureCLR: Latent Gesture Representation
GestureCLR [4], inspired from the SimCLR framework [14], was
trained onmotion capture data from the TalkingWith Hands dataset
[37]. Rawmocap sequences were segmented into 2–3 second gesture
units using criteria established in prior work on multilingual co-
speech synthesis[5]:

• Unit length must be between 2 to 3 seconds
• Motion variance must exceed a dataset-specific empirical

threshold
• First and last frames must be similar in pose (loop-closure)

Gesture units are encoded into a 10D latent space. During pre-
processing, 1000–2000 units per speaker are clustered into 100 bal-
anced groups using bisecting K-Means. These clusters are fixed
post-training, and only cluster centroids are used for matching at
inference.

3.3 Speaker Style Encoder (Figure 7)
3.3.1 Architecture. The speaker style encoder learns to capture
inter-speaker variation in motion style by hierarchically processing
3D body motion using a two-stage Transformer-based architecture.
Input motion is organized as a 4D tensor:

X ∈ R𝐵×𝑁×𝐹× 𝐽

where:

• 𝐵 is the batch size (number of speakers),
• 𝑁 = 10 is the number of non-overlapping 1-minute sub-

segments per speaker,
• 𝐹 = 900 is the number of frames per sub-segment (sampled

at 15 FPS),
• 𝐽 = 150 represents the 3D coordinates of 50 joints.
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Fig. 2. Speaker Style encoder model. Example of speaker-same motion segment pairs used for contrastive training. Each row contains two non-overlapping
motion segments from the same speaker. Negative pairs are formed by pairing segments from different speakers.

This setup reflects a 10-minute clip split into 𝑁 = 10 chunks,
allowing the model to first extract low-level spatial cues from in-
dividual frames and then reason over longer temporal context to
encode high-level speaker motion patterns.

Stage 1: Spatial Encoding (Per Frame). Each 1-minute segment
X𝑏,𝑛 ∈ R𝐹× 𝐽 is first passed through a spatial Transformer encoder
Tspatial:

H𝑏,𝑛 = Tspatial (PE(X𝑏,𝑛)) ∈ R𝐹× 𝐽

where PE(·) denotes positional encoding applied along the joint
dimension. The output is then mean-pooled across frames:

H̃𝑏,𝑛 =
1
𝐹

𝐹∑︁
𝑓 =1

H𝑏,𝑛,𝑓 ∈ R𝐽

forming a compact representation of motion for each 1-minute
chunk. Stacking over 𝑁 yields:

H̃𝑏 = [H̃𝑏,1, . . . , H̃𝑏,𝑁 ] ∈ R𝑁× 𝐽

Stage 2: Temporal Encoding (Across Segments). These per-segment
vectors are projected to 768D via a feedforward layer:

U𝑏 = 𝜙 (H̃𝑏 ) ∈ R𝑁×768

where 𝜙 is a learned projection. The result is fed to a temporal
Transformer encoder Ttemporal:

Z𝑏 = Ttemporal (PE(U𝑏 )) ∈ R𝑁×768

and temporally pooled to obtain the final speaker style embedding:

𝑍
(𝑏 )
𝑠 =

1
𝑁

𝑁∑︁
𝑛=1

Z𝑏,𝑛 ∈ R768

This hierarchical encoding ensures that the model first captures
localized joint dynamics (low-level motion) and then aggregates
temporal consistency and higher-level behavioral traits over several
minutes of data. It also enforces a minimum input requirement of 1
minute of motion (i.e., at least one 𝐹 = 900 frame segment) for style
inference.

3.3.2 Training. We train the encoder using the NT-Xent contrastive
loss [14], which encourages embeddings of motion segments from
the same speaker to cluster together, while pushing apart those from
different speakers.

For a batch of 𝐵 speakers, each providing two disjoint 10-minute
clips X𝑎 , X𝑏 , the model outputs two style embeddings 𝑍 (𝑎)

𝑠 , 𝑍
(𝑏 )
𝑠 ∈

R768 per speaker. The loss for a positive pair (𝑖, 𝑗) is given by:

L𝑖, 𝑗 = − log
exp

(
sim(𝑍𝑖 , 𝑍 𝑗 )/𝜏

)∑2𝐵
𝑘=1 ⊮[𝑘≠𝑖 ] exp (sim(𝑍𝑖 , 𝑍𝑘 )/𝜏)

where sim(𝑢, 𝑣) = 𝑢⊤𝑣
∥𝑢 ∥ ∥𝑣 ∥ is cosine similarity and 𝜏 is the tempera-

ture parameter.
The model is trained using segment pairs from the same speaker

as positives and all other pairs as negatives. We find that even 10
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Fig. 3. ConGRets with Speaker Style encoder. Speaker Motion–Text Chunk–Gesture Unit training triplets used for contrastive learning. Each row includes a
motion segment used to compute the speaker style latent 𝑍𝑠 via frozen speaker style enocder, a corresponding text chunk𝑇𝑖 , and a gesture unit𝐺𝑖 encoded
via frozen GestureCLR.

Fig. 4. ConGRets inference pipeline

minutes of motion data suffices to learn a meaningful and discrimi-
native speaker style vector, though performance and generalization
improve with longer recordings (e.g., 60 minutes per speaker).

3.4 Text Encoder and Fusion (Figure 3)
ConGRets fuses semantic and stylistic information to retrieve ges-
ture units from a shared latent space. The architecture processes
triplets: text chunk 𝑇𝑖 , gesture unit 𝐺𝑖 , and a motion segment𝑀𝑠,𝑖

used to compute the speaker style.
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Text Encoding: Each text chunk 𝑇𝑖 (approx. 7 words) is passed
through a 4-layer BERT-mini model (output: 256D). Token embed-
dings 𝑋 ∈ R𝑛×256 are pooled via attention-masked mean:

𝑇𝑖 =

∑𝑛
𝑗=1 𝑋 𝑗 ·𝑀𝑗∑𝑛

𝑗=1𝑀𝑗
, 𝑇𝑖 ∈ R256

Style Conditioning: A motion segment 𝑀𝑠,𝑖 (10–60 minutes) is
passed through the frozen speaker style encoder (see Figure 2) to
produce a style vector:

𝑍𝑠 ∈ R768

Fusion and Projection: Text and style embeddings are concate-
nated:

[𝑇𝑖 ;𝑍𝑠 ] ∈ R1024

The fused vector is passed through a feedforward layer 𝜙 to project
it into the shared 10D latent space:

𝑍𝑇 = 𝜙 ( [𝑇𝑖 ;𝑍𝑠 ]) ∈ R10

Only the text encoder and the projection layer 𝜙 are trained.
The speaker style encoder and GestureCLR model are kept frozen
throughout.

Contrastive Training Objective. The goal is to align the fused latent
vector𝑍𝑇 with the corresponding gesture latent𝑍𝐺 (from the frozen
GestureCLR model). Gesture units are pre-encoded into the 10D
space and not updated during training.
We apply the same NT-Xent loss defined in the speaker style

encoder section, treating 𝑍𝑇 as the query and 𝑍𝐺 as the target.
Positive pairs come from aligned (text, gesture) samples, and all
other combinations are negatives.
This setup enables the model to learn content- and style-aware

gesture retrieval using only frozen motion representations and con-
trastive supervision.

3.5 Gesture Retrieval at Inference
At inference, gesture retrieval proceeds as follows:

(1) A 10-minute motion clip is used to compute the speaker’s
style embedding via the pre-trained style encoder.

(2) The input text is divided into segments of approximately
seven words.

(3) Each segment is encoded using a BERT model, concatenated
with the style vector, and projected into the latent gesture
space.

(4) The resulting latent vector is matched to precomputed clus-
ter centroids representing gesture units (clustered per speaker).

(5) A gesture unit is sampled from the nearest cluster for play-
back.

This process is repeated for each segment. Chunking introduces
the risk of splitting sentences in semantically awkward ways, which
can lead to degraded matching quality. To address this, we use a
bidirectional BERT encoder and avoid hard splits. Instead, the full
sentence is tokenized and processed as a whole, and a sliding win-
dow approach is applied to extract embeddings for each seven-word
chunk. Pooling is performed using only the tokens corresponding
to the target chunk, ensuring local semantic focus while retaining
contextual richness.

If a segment contains fewer than seven words (e.g., at sentence
boundaries), it is passed directly. Additional adjustments are made
for very short final segments (less than three words) to avoid unsta-
ble representations.

Gesture units are assumed to be pre-cleaned during preprocessing.
During deployment, any unit found to be faulty, such as those with
pose artifacts or poor retargeting, is flagged at runtime and excluded
from future retrieval via a filtering mechanism.

3.6 Ablation: Gesture Decoding
To validate that generation quality is a function of decoder capacity,
we trained a VAE-style decoder that reconstructs gestures from
GestureCLR latent vectors. The decoder is a mirrored version of
the GestureCLR encoder and demonstrates that low FGD scores
in generated output stem from decoder limitations not the latent
representation itself. This supports our design choice of decoupling
generation from retrieval.

4 Dataset and Experimental Setup
This section outlines the dataset, preprocessing pipeline, model train-
ing setup, and evaluation protocols used to assess the performance
of the ConGRets framework.

4.1 Dataset: BEAT Corpus and Rulemaps
We use the BEAT dataset [40], a large-scale motion-captured corpus
comprising recordings from 30 speakers. For training and evaluation,
we employed a 20-5-5 speaker split into training, validation, and test
sets. Multiple random splits were tested, and the final model was
retrained using the best-performing configuration, which included
the original 5 validation speakers. The held-out test set was reserved
for final evaluation only.

To facilitate text-gesture alignment, we adopt the rulemap-based
segmentation strategy from Ali et al. [5]. Each speaker’s recordings
were segmented into gesture units (2–3 seconds) and paired with
corresponding text based on timestamp alignment. Rulemaps for
all 30 speakers were created using this method, ensuring consistent
alignment. Gesture units were filtered using three criteria: duration
(2–3s), motion variance (above a dataset-specific empirical thresh-
old), and frame closure (first and last frames should be similar). Each
speaker contributed between 1000 and 2500 gesture units.

4.2 Gesture Unit Clustering
During training, ConGRets was provided with full text–gesture unit
pairs to maximize diversity. Gesture units were clustered only at
inference time. We applied bisecting K-Means clustering per speaker
to organize 1500–2500 gesture units into 100 balanced clusters. At
runtime, retrieval is performed by matching the latent output to
cluster centroids and sampling from the best-matching cluster.

4.3 Model Training Configuration
Text Encoder and ConGRets Training: We used a 4-layer BERT-

mini model (256D output) from Google’s pretrained repository [47]
and fine-tuned it on our dataset. The BERT output was concatenated
with a 768D speaker style vector (from the style encoder), producing
a 1024D embedding projected to a 10D latent vector. Training used
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the NT-Xent contrastive loss to align the ConGRets output with
latent representations from GestureCLR. Batch sizes were 128 (train)
and 32 (validation), with a maximum of 1000 epochs and early
stopping (patience = 10). AdamW was used with a learning rate of
5 × 10−4 and cosine annealing schedule.

Speaker Style Encoder: The encoder was trained using contrastive
learning with positive pairs sampled from non-overlapping motion
clips of the same speaker. Motion sequences were independently
encoded via spatial and temporal Transformer blocks. Cosine sim-
ilarity and NT-Xent loss were used to encourage speaker-specific
clustering in the 768D style space.

4.4 Evaluation Setup
We evaluated ConGRets along four axes:

• Execution Time: Median gesture retrieval latency (in mil-
liseconds) was measured per batch (1000 samples) on both
CPU and GPU systems. Comparisons were made with Gi-
nosar et al. [21], Yoon et al. [50], and a rule-based system
based on Ali et al. [5].

• Speaker Style Adaptability: We computed cosine simi-
larity between ConGRets outputs and the speaker’s own
motion cluster centroid. The baseline for comparison was
the model proposed by Fares et al. [16], retrained per their
hyperparameters and setup.

• Retrieval Accuracy: Using latent outputs from ConGRets
and frames output from Fares et al.[16] encoded through
GestureCLR to obtain latents, we computed accuracy based
on the gesture cluster nearest to the original latent.

• Gesture Quality: We used Fréchet Gesture Distance (FGD)
scores from the BEAT dataset benchmark, comparing against
baselinemodels including Seq2Seq[51], DiffuGestureCLIP[7],
CaMN[40] and Semantic Gesticulator[54]. ConGRets was
evaluated with the speaker style encoder and against a VAE-
based gesture decoder trained as an ablation to test the
quality of latent gesture representations.

In all comparisons, inference was performed on held-out test
speakers. More details and quantitative results are provided in the
Results section.

Fig. 5. ConGRets without Speaker Style encoder

Fig. 6. ConGRets execution time as compared to baseline

Fig. 7. Speaker Style encoder matrix

5 Results
We evaluate ConGRets across four axes: execution speed and mem-
ory efficiency, retrieval performance, zero-shot speaker adaptation,
and gesture quality (via FGD). Comparisons are made against prior
rule-based and end-to-end gesture generation systems.

5.1 Speed and Memory Efficiency
Although gesture generation research frequently focuses on out-
put quality, execution time and memory usage are often underre-
ported—despite being critical for real-time and embedded applica-
tions. Among recent systems, GestureDiffuCLIP [7] is one of the
few to explicitly report runtime, requiring 1.5 seconds to generate a
1-second (60-frame) gesture sequence on a Tesla V100 GPU. How-
ever, this level of resource usage is often impractical for large-scale,
interactive environments or lightweight deployment.

To provide a clearer picture of runtime behavior, we benchmarked
several gesture generation systems with publicly available code,
prioritizing those with efficient architectures. Table 2 presents exe-
cution time (on CPU), memory usage, and gesture quality metrics
for these baselines, along with ablations of our proposed method.
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Fig. 8. Speaker Style adaptation matrix

Table 1. Retrieval accuracy% as a function of context length. Percentages are rounded off. Abbreviations: SP=Speaker-Style; CG=Content-Gesture; CC=Content-
Cluster.

Style-Context ZS-MSTM↑ ConGRets↑ Encoded ConGRets↑
SP CG CC SP CG CC SP CG CC

5min 35 11 32 82 15 54 54 10 26
10min 43 16 44 94 24 68 61 12 33
20min 57 21 49 96 35 81 65 22 39
30min 71 45 64 99 55 89 76 26 42

ConGRets achieves significantly better runtime and memory ef-
ficiency while maintaining high output quality. It processes 1000
text queries in under 500ms on CPU (i.e., 0.5ms per query), and
requires less than 100MB of memory. This contrasts sharply with
the rule-based system, which takes 16 seconds for just 50 queries
and exceeds 2GB of memory usage, primarily due to linear search
and large pre-trained text embeddings. Even TrimodalContext [50],
a relatively efficient deep model, requires 3 seconds for 50 queries,
while Speech2Gesture [21] takes 8 seconds for the same batch size.

Figure 6(c,d) further illustrates the scaling characteristics: Con-
GRets retains low-latency responsiveness even with large batches,
due to its lightweight architecture and cluster-based indexing scheme.
These results underscore the practical viability of ConGRets for de-
ployment in resource-constrained or real-time systems, where both
speed and expressiveness are essential.

5.2 GestureQuality via Fréchet Gesture Distance (FGD)
Table 2 reports Fréchet Gesture Distance (FGD)[50] scores evaluated
on the BEAT dataset. FGD measures the distance between the dis-
tribution of generated gestures and real motion, with lower scores
indicating higher fidelity. We adopt the FGD evaluation pipeline
provided by the BEAT dataset authors, which includes a pretrained
autoencoder used consistently across several recent gesture genera-
tion studies [40].
For baseline comparisons, we report FGD scores as published

in prior work, without rerunning the evaluations ourselves. These

scores are taken from papers that used the same dataset and the offi-
cial BEAT evaluation model, including GestureDiffuCLIP [7], CaMN
[40], and Semantic Gesticulator [54]. This ensures a consistent and
fair basis of comparison across methods.
We then evaluate ConGRets and its ablations using the same

autoencoder and protocol:

• EncodedConGRets (264.8): a direct end-to-end setupwhere
the fused latent is decoded to motion without retrieval.

• ConGRets-latent (95.4): latent is matched to a cluster cen-
troid; a gesture latent is sampled and then decoded.

• ConGRets (84.62): latent is matched to a cluster, and the
corresponding real gesture unit is retrieved and replayed
without decoding.

Among all systems, ConGRets achieves the lowest FGD (84.62)—out-
performing both recent generative models such as GestureDiffuCLIP
(85.17), Semantic Gesticulator (89.15), and baseline CaMN (123.7).
The ablation results demonstrate a clear trend: decoding from la-
tent space, even when cluster-guided, introduces reconstruction
loss that impacts fidelity. In contrast, ConGRets preserves temporal
coherence and motion realism by directly retrieving high-variance
real motion units, bypassing the limitations of neural decoding.

This highlights a key design strength of ConGRets: by replacing
motion synthesis with learned retrieval, it avoids the quality degra-
dation often associated with generation pipelines, while remaining
fast and scalable.
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Table 2. Summary of ConGRets performance across core evaluation axes. SP = Speaker Style Accuracy, CC = Content–Cluster Accuracy, FGD = Fréchet
Gesture Distance (lower is better). SP and CC are reported at a 30-minute style context.

System Execution Time (CPU) Memory Usage FGD ↓ SP / CC Accuracy (30 min) ↑
Baselines
Rule-Based (Ali et al.) 16s (50 queries) >2GB – –
Speech2Gesture [21] 8s (50 queries) – – –
TrimodalContext [50] 3s (50 queries) – – 71% / 64%
Seq2Seq [51] – – 261.3 –
CaMN [40] – – 123.7 –
GestureDiffuCLIP [7] – – 85.17 –
Semantic Gesticulator [54] – – 89.15 –

ConGRets (ours) <500ms (1000 queries) 100MB 84.62 99% / 89%

Ablation
ConGRets-latent (ours) – – 95.4 – / –
Encoded ConGRets (ours) – – 264.8 76% / 42%

5.3 Retrieval Accuracy and Style Matching
Table 1 compares retrieval accuracy across three variants: - ZS-
MSTM [16] - ConGRets - Encoded ConGRets (our latent-decoding
variant)

We report three metrics: - SP: style (speaker) match, - CG: con-
tent–gesture match, - CC: content–cluster match.
As context length increases (5 to 30 minutes), performance im-

proves across all models, with ConGRets consistently outperforming
alternatives. For instance, speaker-style retrieval improves from 82%
to 99%, while content-gesture accuracy rises from 15% to 55%.

Encoded ConGRets preserves style accuracy (74%→92%) but un-
derperforms on content, suggesting compression artifacts degrade
gesture fidelity. This reinforces the strength of retrieval-based out-
put.

5.4 Zero-Shot Speaker Style Adaptation
We assessed ConGRets’ ability to adapt to unseen speakers using
only motion data (no audio or text). Cosine similarity matrices for
style embeddings (Fig 7) show that even 1 minute of motion suffices
for speaker separation, though 10 minutes yields clearer stylistic
boundaries.

Figure 8 compares model variants: - (a) speaker-specific models, -
(b) shared model with style embedding (ConGRets), - (c) ZS-MSTM
baseline using multimodal style inference.

While speaker-specific models perform best for known speakers,
ConGRets achieves comparable performance using only animation-
based embeddings, avoiding retraining. ZS-MSTM, reproduced from
its paper, performs reasonably well but relies on audio, text, and
motion input, whereas ConGRets requires only motion.

5.5 Summary of Results
• ConGRets is fast and lightweight, outperforming prior

rule-based and end-to-end systems in execution time and
memory usage.

• Retrieval accuracy improves with speaker context, and
outperforms ZS-MSTM and compressed variants at all data
levels.

• Zero-shot adaptation generalizes well, requiring only
motion data to match or exceed baselines that depend on
multimodal input.

• Retrieving real gesture units is most effective, yielding
the best FGD scores and validating our design choice of
decoupled generation and style-aware retrieval.

These results establish ConGRets as a fast, style-aware, and scal-
able framework for co-speech gesture generation, suitable for real-
time interactive systems.

6 Discussion
This section reflects on the practical and scientific implications of
ConGRets, evaluates its limitations, and outlines promising direc-
tions for future research.

6.1 Implications for Real-World Deployment
ConGRets demonstrates that decoupling gesture generation from
gesture retrieval offers compelling advantages for practical, real-
time systems. Unlike generative models that synthesize gestures
frame-by-frame, often requiring expensive rendering and postpro-
cessing, ConGRets retrieves pre-cleaned, reusable motion segments
conditioned on text and speaker style. This makes it highly suitable
for edge deployment, interactive chatbots, previsualization tools,
and real-time game engines, where speed, consistency, and low
computational overhead are essential.

Our retrieval-based design allows integration into existing anima-
tion pipelines, enabling developers to plug ConGRets into avatars
or agents without re-engineering rendering or simulation backends.
Unlike many end-to-end models which remain largely experimental
or lack downstream integration examples, ConGRets can be de-
ployed as a lightweight module without API dependencies or GPU
requirements.
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Fig. 9. Speaker style demonstration: showcasing three speakers using the same original utterance, with corresponding body animations provided as references.
The generated gestures are produced by our system.

Furthermore, the system’s ability to infer speaker-specific style
from motion alone (requiring as little as 10 minutes of unlabeled
3D motion) facilitates fast personalization. This feature opens a
pathway toward scalable style-conditioned gesture systems that can
adapt to new users or characters without retraining, annotation, or
multimodal input.

6.2 Strengths of the Retrieval Framework
Beyond performance, the retrieval mechanism supports a high de-
gree of diversity and continuity. By segmenting long utterances

into textual chunks and retrieving style-aligned gesture units, Con-
GRets ensures that gestures are temporally appropriate and stylis-
tically consistent. Compared to traditional rule-based approaches,
our framework offers wider variability without sacrificing runtime
reliability.
Importantly, our design provides strong quality guarantees: be-

cause gesture units are preprocessed and manually validated, output
animations are inherently retargeted and glitch-free. This contrasts
with generative pipelines that often require additional constraints,
denoising, or quality filtering steps to avoid implausible poses.
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6.3 Limitations
While retrieval offers robustness and speed, it imposes limitations
on generative flexibility. Unlike neural models that may combine
motion primitives or interpolate novel variants, ConGRets is re-
stricted to the distribution of preexisting gesture units. Rare or
emergent motions cannot be synthesized unless explicitly present
in the gesture library.
Additionally, gesture continuity across long utterances remains

non-trivial. Although we implement blending at gesture boundaries
and design gesture units with overlapping frame buffers, artifacts
may still occur—especially during rapid topic shifts or in low-motion
speakers. Future work could explore learned transition models or
sequence-aware blending policies.
The speaker style encoder is intentionally speaker-specific and

not generalized to abstract style categories (e.g., energetic vs. calm).
While this supports high-fidelity personalization, it limits general-
ization across style types. Moreover, style inference in low-motion
speakers may produce minimal or ambiguous outputs, which while
arguably faithful might reduce engagement in expressive systems.

6.4 Evaluation Gaps and Metric Critique
Current evaluation methods offer only partial insight. Metrics like
Fréchet Gesture Distance (FGD), though widely used, are fragile in
the co-speech domain due to the inherently many-to-many nature
of gesture–text mappings. High FGD may penalize valid yet diverse
outputs andmay not correlate with user perception. Similarly, cosine
similarity for speaker embeddings measures stylistic clustering but
not communicative effectiveness.
While user studies are a potential alternative, their reliability

is limited by subjective expectations and task framing. In prior
work[36, 53], even ground truth motions have received moderate
appropriateness scores due to evaluators’ overreliance on literal
alignment. Long-term user-in-the-loop studies tracking engagement,
style fatigue, or perceived expressiveness over time may offer more
actionable evaluation.

6.5 Future Work
Several directions emerge from our findings:

• Multimodal Style Vectors: Though our design avoids
prosody for latency reasons, future variants could explore
optional speech or audio-derived embeddings, especially in
offline settings where quality trumps speed.

• Online Retrieval Adaptation: Since gesture units are mod-
ular, future systems could dynamically expand or refine the
retrieval library using usage logs or reinforcement objec-
tives.

• Generalizing Style Embeddings: Extending the style en-
coder to disentangle speaker identity from stylistic traits
(e.g., gesture energy, hand dominance, tempo) could enable
more flexible transfer and clustering.

• Beyond Gesture: The retrieval strategy can generalize to
other motion domains such as facial animation, body pos-
ture, or full-scene action generation where pre-verified seg-
ments can be reused for fast synthesis.

• Evaluation Improvements: Alternative metrics that incor-
porate semantic alignment, gesture saliency, or attention to
discourse structure may better reflect communicative qual-
ity. Additionally, controlled long-term user studies could
provide more reliable behavioral insight than snapshot sur-
veys.

ConGRets presents a fast, scalable, and style-aware alternative
to generative co-speech gesture models. Its retrieval-based archi-
tecture supports real-time use without sacrificing personalization
or perceptual quality. While it trades off some generative flexibil-
ity, its robustness and deployability make it a strong candidate for
embodied conversational agents, digital humans, and interactive
avatars.

7 Conclusion
This paper introduced ConGRets, a scalable, low-latency frame-
work for co-speech gesture generation that departs from conven-
tional generative paradigms by leveraging contrastive learning and
retrieval over pre-verified gesture units. Designed for fast and reli-
able deployment, ConGRets matches latent representations of text
and speaker style directly to clusters of real gesture segments, en-
abling gesture synthesis without the computational overhead or
fragility of frame-wise generation.
Our experiments demonstrate that ConGRets delivers substan-

tial improvements over prior rule-based and end-to-end models
in speed, memory efficiency, and speaker-specific style alignment.
With inference times below 500ms on consumer hardware and per-
sonalization achievable from as little as 10 minutes of motion data,
ConGRets is well-suited for interactive systems, including mobile
agents, virtual assistants, and embedded avatars.
The model’s modularity, decoupling gesture selection from ges-

ture playback, offers robustness, reusability, and integration flexibil-
ity. Its motion-only style vector supports zero-shot speaker adapta-
tion without retraining or multimodal dependencies, advancing the
goal of scalable personalization in gesture synthesis.
While retrieval constrains generative novelty, our results show

that style-aware matching to a rich gesture library yields both high
perceptual quality and distributional authenticity. Limitations re-
main in handling ambiguous inputs or long-term continuity, but
these challenges open new research directions in transition model-
ing, abstract style disentanglement, and user-centric evaluation.

In summary, ConGRets provides a practical and extensible foun-
dation for real-time gesture generation. Its speed, modularity, and
adaptability make it a compelling alternative to generative models
for deploying naturalistic, personalized digital characters in real-
world human-computer interaction.
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